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2Parsing DOP with Monte-CarloTechniquesJean-Cédric Chappelier, Martin Rajman2.1 MotivationsAs shown by Sima'an (1996), �nding, for a given sentence, the mostprobable parse tree (MPP) according to a Stochastic Tree SubstitutionGrammar (STSG) (Schabes 1992, Bod 1998), such as, for instance, aDOP grammar, appears to be an NP-hard problem and, as such, cannotbe solved exactly in an e�ective way. Heuristics and/or approximationsneed to be used instead. Monte-Carlo sampling is one example of suchan approach: it approximates the exact NP-hard maximization problemby a search over a reduced random sample that can be generated atreasonable (i.e. polynomial) algorithmic cost (Bod 1992).The purpose of the present chapter is to provide theoretical justi�-cation for the use of Monte-Carlo sampling for �nding the MPP in theframework of Data-Oriented Parsing; and to show how such samplingtechniques can be e�ciently implemented and, most of all, statisticallycontrolled, so as to guarantee, with some a priori �xed probability error,that an obtained approximate solution indeed corresponds to an exactsolution of the problem.Section 2.2 provides a short introduction to the general problem of�nding the MPP within the DOP framework. In sections 2.3 and 2.4,two generic implementations for an approximated search for the MPPbased on Monte-Carlo sampling are presented (rescored sampling andexact sampling). The issue of the statistical control of the probabilityerror during sampling is addressed in section 2.6. Finally, experimental1Data-Oriented Parsing.Rens Bod, Remko Scha and Khalil Sima'an (editors).Copyright c
 2001, CSLI Publications.



2 / Jean-Cédric Chappelier, Martin Rajmanresults are presented, followed by some conclusions.2.2 General Framework for the MPP in DOP2.2.1 The DOP ModelAs detailed in chapter ??, DOP constitutes a particular application ofthe Stochastic Tree Substitution Grammar (STSG) formalism. A STSGhVN ; VT ; S;R; P i (using the same notations as in chapter ??) is a gram-mar, the productions (or "rules") of which consist of elementary trees,that can be combined with the substitution operator to produce deriva-tions of complete parse trees.Each elementary tree t is assigned a probability P (t) proportional toits number of occurrences in a reference treebank. The probability P (d)of a derivation d = ht1; :::; tqi is then de�ned asP (d) =Yt2dP (t) = qYi=1P (ti)where t 2 d means "for all the occurrences of elementary trees appearingin the derivation d". Finally, the DOP-probability of a parse tree T isde�ned as the sum of the probabilities of all its derivations:PDOP(T ) = Xd)T P (d) = Xd)TYt2dP (t)where the subscript "d ) T" means "for all derivations d of the parsetree T".Notice that we need to distinguish between PDOP(T ) and P (T ), as agiven tree T might be a parse tree and an elementary tree at the sametime. In such a case, these two probabilities might be di�erent.For a given sentence wm1 = w1:::wm we also de�nePDOP(wm1 ) = XT)�wm1 PDOP(T ) = Xd2(S)�wm1 )P (d)where "T )� wm1 " means that "T is a possible parse tree of wm1 " and"d 2 (S )� wm1 )" means "for all possible derivations d of wm1 startingfrom S (i.e. S )� wm1 )".In addition, for a tree T , root(T ) will denote its root, frontier (T )its frontier, i.e. the ordered sequence of its leaves, li(T ) the ith leaf infrontier (T ), Rl(T ) the right-most leaf and Lls(T ) the sequence of all theleaves of T but the right-most one.2.2.2 Parsing and Most Probable Parse ExtractionParsing usually consists of two distinct phases:



Parsing DOP with Monte-Carlo Techniques / 3analysis, during which some representation of the set of the derivationsof the input string is built;extraction, during which speci�c results are derived from the formerrepresentation; e.g. displaying all the parse trees, extracting theMPP, etc...In the STSGs case, analysis can be achieved in cubic time (with re-spect to the input size), as it is the case for Context-Free Grammars(CFG). However, extracting the MPP from the resulting compact rep-resentation is an NP-hard problem (Sima'an 1996). This means that�nding the MPP for an input sentence cannot (in general) be achievedin polynomial time1, and heuristics and/or approximations need to beused instead. Monte-Carlo sampling is an example of an approach wherethe exact search for the MPP is approximated by a search over a reducedrandom sample of derivations that can be generated at polynomial al-gorithmic cost (Bod 1992).The purpose of the following sections is to present two of such ap-proximations, namely rescored and exact sampling. The next section �rstprovides a brief description of the bottom-up item-based chart parsingtechnique we use for the implementation.2.2.3 Parsing Analysis PhaseIn item-based chart parsing, the analysis phase consists in �lling upa chart with items that represent, in a compact form, all the possiblederivations of all the possible substrings of the input sentence wm1 . Moreprecisely, the chart contains two di�erent kinds of items:� items of the form [X; i; j] (for some X 2 V = VN [ VT , and 1 �i � j � m) representing the fact that the substring wji = wi:::wjof the input sentence can be derived from X (this will be denotedby X )� wji );� and items of the form [��; i; j] (� 2 V +) representing the fact thatthe sequence of symbols � derives wji and that � is a left-mostsequence of leaves of some elementary tree; more formally, that�)� wji and �9� 2 V + 9t 2 R s.t. frontier (t) = ���For a given symbol X (X 2 V ), notice the di�erence between [X; i; j]and [X�; i; j]: in both cases, X derives the substring wji , but for the1Notice however that �nding the most probable derivation (MPD) can still beachieved in polynomial time with the standard algorithms used for Stochastic CFG(Jelinek et al. 1992, Stolcke 1995, Chappelier and Rajman 1998). Similarly, if wellchosen constraints are imposed on the elementary tree set, MPP search can alsobe implemented in polynomial time (Chappelier and Rajman 2001).



4 / Jean-Cédric Chappelier, Martin Rajmansecond item to be produced, there must furthermore be a rule in thegrammar with X as its the �rst right-hand side non-terminal.2Items are produced ("derived") during the analysis phase either bycombining items of the form [��; i; j] with items of the form [X; j+1; k]or, in the case of unary productions, directly from items of the latterform. For example, the derivationS ) ABC ) aBC ) abC ) abcleading to the parse tree SAa Bb Cc will correspond to the follow-ing sequence of item productions ( representing the production of anitem): [a; 1; 1] [A; 1; 1], [b; 2; 2] [B; 2; 2],[c; 3; 3] [C; 3; 3],[A;1;1] [A�; 1; 1],[A�;1;1]� [B; 2; 2]  [AB�; 1; 2] and [AB�; 1; 2]� [C; 3; 3] [S; 1; 3].For the top-down sampling procedure that is required during theextraction phase and that will be detailed hereafter, we furthermoreneed to introduce the notion of item decomposition.The decomposition of an item of the form [A; i; j] (A 2 VN ) is a pair� t; k �[A;i;j] consisting of:31. an elementary tree t that is the �rst step of some derivation d ofwji starting from A,2. and a split value k (i � k < j) identifying the subsequence wjk+1derived by the right-most leaf of t in the derivation d.When t is terminal (i.e. frontier (t) = wji ), the convention k = 0 willbe used. Notice that, when t is not terminal, we have Lls(t))� wki andRl(t))� wjk+1.For items of the form [��; i; j], a decomposition simply reduces to thesplit value k, which indicates that � can be split into � = �X (� 2 V +,X 2 V ) such that � )� wki and X )� wjk+1. The convention k = 0 willbe used for the special case [X; i; j] [X�; i; j].Notice that "terminal" items (i.e. items of the form [a; i; j] or [a�; i; j],a 2 VT ) do not have any decomposition.To further simplify the notations, for any decomposition � =� t; k �,P (�) will be used as another possible notation for the probability P (t).By convention, for decompositions of the form � k �, P (� k �) willbe 1.2Items of the second kind ([��; i; j]) are essentially useful for parsing non-binarygrammars, i.e. for SCFG, grammars that are not in Chomsky Normal Form and, forSTSG, tree grammars containing non binary (nor unary) elementary trees.3When not ambiguous, subscripts will be omitted for the sake of simplicity.



Parsing DOP with Monte-Carlo Techniques / 5Finally, for any item I, D(I) will denote the set of all possible de-compositions of I, and for any decomposition � of I (� 2 D(I)), whennot ambiguous, D(�) will also be used as another possible notation forD(I).ExampleIn order to illustrate the notions introduced so far, let us consider thevery simple example of the parsing the input sequence "a a a" with thefollowing CFG: S ! S S S ! awhere a is the only terminal and S the only non-terminal of the grammar.In this case, the produced chart contains 9 items4 with the followingassociated decomposition sets:item number of decomposition setsdecompositions[S; 1; 1] 1 � S! a; 0 �[S�; 1; 1] 1 � 0 �[S; 2; 2] 1 � S! a; 0 �[S�; 2; 2] 1 � 0 �[S; 3; 3] 1 � S! a; 0 �[S; 1; 2] 1 � S! S S; 1 �[S�; 1; 2] 1 � 0 �[S; 2; 3] 1 � S! S S; 2 �[S; 1; 3] 2 � S! S S; 1 �, � S! S S; 2 �For the item I = [S; 1; 3] we have for instance:D(I) = D(� S! S S; 1 �I) = D(� S! S S; 2 �I )= f� S! S S; 1 �I ;� S! S S; 2 �Ig2.2.4 Monte-Carlo MethodsNumerical methods known as Monte-Carlo methods (Hammersley and Handscomb 1964,Green 1995, Robert and Casella 1999) can loosely be described as sta-tistical simulation methods. The expression "Monte-Carlo method" isactually very general. The name was inspired by Metropolis (1948) af-ter the city in Monaco principality, because of the similarity betweengambling games and the statistical sampling simulation done for theManhattan Project during World War 2.Monte-Carlo methods provide approximate solutions to a variety ofmathematical problems by performing statistical sampling experiments4Terminal items (i.e. items of the form [a; i; i] in this case) as well as items of theform [��; i;3] (which cannot serve for the production of new items) have not beenrepresented.



6 / Jean-Cédric Chappelier, Martin Rajmanon a computer. Such methods can even apply to problems with no nat-ural probabilistic content. For instance, Monte-Carlo methods can beused for the computation of the decimals of � (Hall 1873) or of somehigh-dimension integrals.The only requirement is that the problem to be solved can be de-scribed in terms of a probability density function (PDF) on some con�g-uration space, even if such a description may seem arti�cial. The Monte-Carlo method then proceeds by random sampling according to the PDFdescribing the problem. Many samplings are performed and the desiredresult is estimated on the the obtained samples. This requires that con-�gurations can actually be generated according to the desired PDF andthat the estimator can be computed on the samples and converges tothe desired result when the number of samples grows to in�nity.For tractable problems, Monte-Carlo methods are among the leaste�cient numerical methods and shouldn't be used. However, for thoseintractable problems relying on N -point evaluations in aM dimensionalspace, the other numerical methods are often less e�cient. In such casesindeed, as a consequence of the central limit theorem, Monte-Carlometh-ods have an absolute error estimation that decreases with N�12 whilemost of the other methods usually decrease at best with N� 1M . Thisproperty is one of the main reasons of the use of Monte-Carlo methodsin our context.2.2.5 Monte-Carlo Estimation of the MPP in DOPIn the framework of DOP, the purpose of Monte-Carlo estimation is toapproximate the MPP extraction by a search over a limited randomsample of derivations (Bod 1992).The general underlying idea is the following: if a random set of deriva-tions is produced with a known sampling distribution, the proportion inthat set of derivations corresponding to a given parse tree will converge(due to the law of large numbers) to the sum of the sampling probabili-ties of all the possible derivations of this tree. This convergence propertycan then be used to estimate the DOP-probability of the parse tree ifthe following conditions are veri�ed:1. the sampling of derivations can be achieved in an e�cient (i.e.polynomial) way;2. the DOP-probability of any parse tree can be estimated from thesampled set of derivations; i.e. there exists a function that canbe computed on the sampled set and indeed converges to DOP-probability when the size of the sampled set grows to in�nity;3. the estimation function can be computed on the sampled set in an



Parsing DOP with Monte-Carlo Techniques / 7e�cient way;4. for the MPP, the convergence occurs (with some a priori controllederror) for a sample size signi�cantly smaller than the total numberof derivations.We now present two sampling methods that both verify the three�rst above conditions. The problem of the control of the sampling will beaddressed later, in section 2.4. For both methods, the general samplingalgorithm described in table 1 is used. The di�erence will come fromthe speci�c implementation of the action "choose a decomposition atrandom".From the compact representation of the derivation set produced dur-ing the analysis phase of the parsing, the sampling algorithm producesone derivation at a time by recursively choosing at random decomposi-tions of items as described in table 1, starting from the top level item[S; 1;m].As any derivation of a string of size m is composed of O(m) de-compositions5, and choosing a decomposition of an item may be O(m)if not carefully implemented (see also (Goodman 1998) page 177), theproposed sampling algorithm might be of cost O(m2). It can howevereasily be improved to O(m) if the storage of an item in the chart con-tains explicit pointers to its decomposition, since, in that case, choosinga decomposition of an item can be implemented in O(1) with respectto m.In any case, the �rst of the four conditions previously mentioned isful�lled. The main problem of Monte-Carlo approach is therefore not thesampling algorithm itself, but rather the choice for the implementationof the action "choose a decomposition at random", so that conditions 2and 3 previously mentioned are ful�lled.The two following sections detail two di�erent solutions leading to acorrect sampling for the items:rescored sampling: the sampling probability used for randomly choos-ing the item decompositions in the chart is simple and a prioride�ned. In this case however, nothing guarantees that the limittowards which the proportion, in the sample, of derivations associ-ated with a given parse tree converges is its DOP-probability. Therelative frequencies of the derivations therefore need to be rescoreda posteriori, so as to guarantee a correct convergence value for theirsum;exact sampling: the sampling probability used for the item decompo-5If the grammar does not contain any cycle, which is the case we consider.



8 / Jean-Cédric Chappelier, Martin RajmanSample([X; i; j]):choose at random a decomposition � =� t; k � of[X; i; j]if k = 0 (unary productions)if � is terminal (i.e t = X ! wji )return telse(here t = X ! Y , Y 2 VN )return t, Sample([Y; i; j])elsereturn t, Sample([Lls(t)�; i; k]), Sample([Rl(t); k +1; j])Sample([��; i; j]):choose at random a decomposition � =� k � of [��; i; j]if k = 0 (i.e. � = X 2 V )if X 2 VTreturnelse (then X 2 VN )return Sample([X; i; j])else(here � = �X, � 2 V +, X 2 V )return Sample([��; i; k]), Sample([X; k+ 1; j])TABLE 1 The general sampling algorithm: to produce at random aderivation of an input string wm1 for which the item-based parse chart hasalready been generated, call Sample([S;1;m]), where S is the top-levelsymbol of the grammar.



Parsing DOP with Monte-Carlo Techniques / 9sitions is speci�cally computed in such a way that the samplingprobability of a parse tree (i.e. the sum of the sampling proba-bilities of all its derivations) is exactly equal to its (conditional)DOP-probability (knowing the input sentence).The main advantage of the �rst approach is its simplicity and general-ity, while the advantage of the second one is a faster convergence, as wellas the possibility of an a priori control over the error probability (andhence over the accuracy of the method). More precisely, the samplingcan be statistically controlled by setting a priori an arbitrarily smallprobability (the error probability) corresponding to an upper bound forthe probability that the approximated solution does not correspond tothe exact solution.2.3 Rescored Sampling2.3.1 General MethodLet di; i = 1:::N , be all the possible derivations of all the parse treesassociated with a given input sentence. A random sampled set of size nis built by successively and independently applying n times the samplingalgorithm described in the previous section. Let ni be the number ofoccurrences of derivation di in the sampled set6.The empirical score W (n)(T ) of a parse tree T is then de�ned by:W (n)(T ) = Pdi2T nin Wi, where Wi is some rescoring factor for thederivation di. The whole interest of such a de�nition lies in the factthat, by the law of large numbers (i.e. when n grows to in�nity), theempirical score W (n)(T ) converges to W (1)(T ) =Pdi2T PsiWi, wherePsi the sampling probability of derivation di.This convergence property establishes the link between the localrandom choices for derivations (expressed by the Psi) and the globalscores obtained for the corresponding parse trees (corresponding to theW (1)(T )). Provided that it is possible to compute both Wi and Psifor each sampled derivation di, it is then possible to estimate W (1)(T )by the empirical value W (n)(T ). This is, of course, particularly useful ifW (1)(T ) = PDOP(T ), the original score to be maximized.A �rst sampling scheme, called "naive sampling", consists in usinga uniform sampling distribution for each of the independent randomchoices among all the decompositions of each of the items successivelyselected. By construction, this corresponds to Psi = Q�2di 1jD(�)j .7 With-out any rescoring (i.e. withWi = 1), naive sampling leads, for every parse6PNi=1 ni = n. Notice that some ni may be null.7The notation � 2 di used as a subscript of a sum or a product means "for allitem decompositions � chosen during the sampling of derivation di".



10 / Jean-Cédric Chappelier, Martin Rajmantree T , to a score W (1)(T ) of the form Pdi2T Q�2di 1jD(�)j , which isnot the DOP-probability PDOP(T ) to be estimated. Naive sampling canhowever be corrected, introducing rescoring factors Wi = P (di)Q�2di 1jD(�)j =P (di)Q�2di jD(�)j, which leads to W (1)(T ) = PDOP(T ). It is impor-tant to notice that these rescoring factors are easily computable duringsampling. Indeed, asWi = P (di) Y�2di jD(�)j = 0@Y�2di P (�)1A0@Y�2di jD(�)j1A = Y�2di�P (�)�jD(�)j�Wi can be computed during the top-down extraction of each sampledderivation by cumulativemultiplication of the P (�)�jD(�)j values. Rescorednaive samplingmay therefore be implemented, providing a �rst very easyestimation method for the MPP search.2.3.2 Existing Sampling Method for DOPAs Bod's originalDOP samplingmethod (Bod 1995, Bod 1998) has beenshown to su�er from several shortcomings (Goodman 1998) (page 179)(Hoogweg 2000) (section 6.2) (Chappelier and Rajman 2000), we herefocus on its improved version (Hoogweg 2000). This sampling techniqueis exactly the one described above but with another sampling proba-bility distribution. Indeed, for the local random decomposition choices,Hoogweg chooses "directly the probabilities of the elementary subtrees",the corresponding probability mass being "the sum over the probabil-ities of all elementary trees that span the same subsentence and havethe same root label".8 This means that the sampling probability of adecomposition � of [X; i; j] is Ps(�) = P (�)P�02D(�) P (�0) , leading therefore,for any derivation di, to a Psi of the form Psi = Q�2di P (�)P�02D(�) P (�0) =P (di)� 1Q�2diP�02D(�) P (�0) . The resulting score for a parse tree T is there-forePd2T P (d)Q�2dP�02D(�) P (�0) which, in the general case, is not the DOP-probability of that tree. To correct this behavior, the sampled derivationsare rescored by Wi = Q�2diP�02D(�) P (�0), which is computed duringthe sampling.9Table 2 resumes the rescoring factors for the sampling methods seenso far.8"Elementary trees that span a given subsentence" correspond to decompositionsin our terminology.9Wi is Qj PM(tj) with Hoogweg's notations.



Parsing DOP with Monte-Carlo Techniques / 11method Ps(�) rescoring factor WiHoogweg (2000) P (�)P�02D(�) P (�0) Q�2diP�02D(�) P (�0)naive 1jD(�)j P (di) �Q�2di jD(�)jTABLE 2 Rescoring factors for rescored sampling methods.2.4 Exact SamplingThe purpose of exact sampling techniques is to ensure that the sam-pling probability of each parse tree is directly equal (i.e. without anyrescoring) to its conditional DOP-probability knowing the input sen-tence, PDOP(T jwm1 ). Such sampling techniques therefore guarantee thatthe best parse tree also has the best sampling probability. Therefore, dueto the law of large numbers (the sampling frequency converging towardsthe sampling probability), the most frequent tree in a sampled set hasa good probability to be the MPP. One important additional advantageof exact sampling is the fact that it enables statistical control of thenumber of samples.2.4.1 Computation of Sampling Probability for Decomposi-tionsIn this section, we derive the exact formula that has to be used forthe sampling probability of the item decompositions so that the �nalsampling probability of a parse tree exactly corresponds to its DOP-probability conditional to the input sentence.We �rst introduce an intermediate probability P0 that will be usefulfor the computation. It is de�ned, for each item decomposition �, by:� if � is of the form � t; k 6= 0 �[root(t);i;j]:P0(�) = P (t) � P�([Lls(t)�; i; k]) � P�([Rl(t); k + 1; j])� if � is of the form � t; 0 �[root(t);i;j] (i.e. � is terminal):P0(�) = P (�) = P (t)� if � is of the form � k 6= 0 �[�X�;i;j]:P0(�) = P�([��; i; k]) �P�([X; k+ 1; j])� and if � is of the form � 0 �[X�;i;j]:P0(�) = P�([X; i; j])where, for any given item I,P�(I) = X�02D(I)P0(�0)



12 / Jean-Cédric Chappelier, Martin RajmanTo simplify notations, for any decomposition � of I (i.e. � 2 D(I)), P�(�)will denote P�(I). Notice that P�(I) is in fact the P0-measure of D(I).Notice also that P�([X; i; j]) is nothing else but the inside probability ofX )� wji : P�([X; i; j]) =Pd2(X)�wji ) P (d).For any item decomposition �, the sampling probability is then de-�ned as Ps(�) = P0(�)P�(�) which clearly is a probability over D(�).It is interesting to notice the relation that exists between the abovede�ned sampling probability and the one used by Bod in his samplingscheme (Bod 1998): rephrasing what Bod wrote, a de�nition for theexact sampling method could be "a subderivation that has n times aslarge an inside probability as another subderivation should also have ntimes as large a chance to be chosen as this other subderivation".It should also be stressed that Ps can be e�ciently computed duringthe parsing analysis phase using the standard computation of insideprobabilities.Let us now compute the sampling probability of a given derivationd. As each item decomposition is chosen independently (cf the samplingalgorithm given in table 1), the sampling probability of a derivation isthe product of the sampling probabilities of the selected decompositions:Ps(d) = Q�2d Ps(�). It can then be shown by induction (cf Appendix 1)that Ps(d) is equal to P (d)PDOP(wm1 ) .The sampling probability of a parse tree T , Ps(T ), being the sum ofsampling probabilities of its derivations, we have Ps(T ) =Pd2T P (d)PDOP(wm1 ) =PDOP(T )PDOP(wm1 ) = PDOP(T jwm1 ).10 Ps(T ) therefore is the conditional DOP-probability of the parse tree T knowing the input sentence, which provesthe correctness of the exact sampling scheme.2.5 Statistical Control for Exact SamplingThe issue of the statistical control of the sampling consists in determiningthe number of samples that are required to guarantee that the mostfrequent parse tree in the sampled set is in fact the most probable one.The exact sampling method presented in the previous section canbe described as sampling a multinomial random variable, the modalitiesof which are the di�erent parse trees Ti of the considered input sen-tence wm1 , associated with their DOP-probabilities PDOP(Tijwm1 ). Thesampling control problem therefore corresponds to a classical problemof statistical ordering: �nding the most probable modality of a multino-mial distribution on the basis of a sample of its realizations.10Indeed, PDOP(T;wm1 ) = PDOP(T ) as we have T )� wm1 .



Parsing DOP with Monte-Carlo Techniques / 13The control method proposed by R. Bod for his sampling schemein the DOP-MPP framework is an illustration of such a mechanism, inwhich the error probability (i.e. the probability of choosing the wrongparse tree as MPP) is set to be: Pi>1(1 � (pp1 �ppi)2)n.11 Howeverthe suggested estimator of the error probability by12 Pi>1(1� (pf[1]�pf[i])2)n is di�cult to justify. The impact on the results of its use insteadof the exact value is hard to evaluate.It is therefore important to consider more sophisticated methods ref-erenced in the statistics literature. We describe hereafter one of these: theBechhofer-Kiefel-Sobel truncated method (BKST) (Bechhofer and Goldsman 1985),which is a sequential truncated sampling method that combines twoother approaches: BEM and BKS sampling.2.5.1 The BEM, BKS and BKST sampling methodsBEM samplingIt is known (Kesten and Morse 1959) that, for any multinomial randomvariable with K modalities such as p1 � � p2 with � > 1,13 the probabil-ity for the most frequent modality in a sample to e�ectively be the mostprobable one is always bigger than the probability Pmin of selecting themost probable modality in the case where all the modalities but the mostprobable one have equal probabilities. This lower bound Pmin can be apriori computed as a function of K, � and n (Bechhofer et al. 1959).The non-sequential BEM sampling method then consists in:1. de�ning the tightness of the control by choosing some a priori val-ues for � (1 < � < +1) and Perr (0 < Perr < 1� 1K ). � is intendedto be a lower bound for the ratio p1p2 , which is a quanti�cation ofthe di�culty of the selection problem.142. computing the smallest sample size n so that Perr � 1�Pmin(K; �; n),1511n is the number of samples and pi is the probability of the i-th most probableparse tree.12f[i] is the relative frequency in the sampled set of the i-th most frequent parsetree that set. Notice that [i] might very well be di�erent from i and therefore f[i] isnot guaranteed to be a consistent estimator of pi.13p1; :::; pK being the K parameters of the multinomial in decreasing order: p1 �::: � pK (with p1 + :::+ pK = 1).14The bigger p1p2 , the easier it is to distinguish the most probable modality fromthe second most probable one.15For large values of n, the following approximation can be used:n = & �(K;1�Perr)2(1+q �(K�1)(�+K�2) )4(arcsin(q ��+K�1 )�arcsin(q 1�+K�1 ))2 ', where �(K; p) is the reversefunction of the (K� 1)-th integral of the (K� 1)-variate normal density distributionwith zero mean, unit variance and uniform correlation 0.5. Tables for �(K; p) valuescan be found in (Gupta 1956).



14 / Jean-Cédric Chappelier, Martin Rajman3. generating a set of n independent realizations (sampled set) andselecting the most frequent modality in the sampled set as themost probable one.BKS samplingBKS is a sequential sampling method that relies on the following result(Bechhofer et al. 1968): for any multinomial random variable with Kmodalities such as p1 � � p2 with � > 1, the probability for the mostfrequent modality in a sample to e�ectively be the most probable oneis always bigger than 11+Z where Z = PKi=2(1� )n�(f[1]�f[i]). The BKSmethod is then the following:1. choosing some a priori values for � and Perr2. keeping on sampling modalities, updating16 the f[i] and Z, as longas Z > Perr1�Perr ,3. selecting as the most probable modality, the most frequent one inthe sampled set.BKST samplingBKST is a sequential truncated sampling method that combines BEMand BKS: BEM is included in BKS by adding the BEM stopping con-dition to the BKS stopping condition, which guarantees that BKST isfaster than both BEM and BKS.For all these sampling methods, if p1 and p2 are such as p1 � � p2,then the selected modality is the most probable one, with a probabilitygreater than 1� Perr.For any given sequence wm1 , BKST can be applied to the MPP prob-lem in the following way:1. perform the analysis phase of the parsing of wm1 , i.e. produce thechart containing the compact representation of all the derivationsof all the parse trees of wm1 ;2. computeK, the number of di�erent parse trees forwm1 . This can ei-ther be is done by performing the parsing analysis phase again butwith the context-free grammar consisting of only depth-1 elemen-tary trees or even be directly integrated in the original analysis.3. choose some a priori values for � (1 < � < +1) and Perr (0 <Perr < 1� 1K );4. compute the smallest sample size nmin so that Perr � 1�Pmin(K; �; nmin)5. use the exact sampling method to extract one derivation from thechart, update the values and the ranks of the relative frequenciesf[i] of all the di�erent sampled parse trees, and compute Z;16not only the values but also the order!
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exact directFIGURE 1 (score .vs. sample size) Comparison of convergence of the rescoredsampling method (left) and the exact method (right) on 20 runs of 5000samples converging to the known score of 0.88: the exact method convergesmuch faster.6. if the total number of sampled derivations is less than nmin andZ > Perr1�Perr , go back to 5;7. otherwise select as the MPP the most frequent parse tree in thegenerated sampled set.2.5.2 Convergence Speed of the Sampling MethodsIn addition to the fact that exact sampling enables statistical control, an-other advantage of this method over rescored sampling is its much fasterconvergence to the correct distribution of parse trees. This property isillustrated by the simple simulation results given in �gure 1, where 20runs of 5000 samples of a binomial random variable have been producedusing both the rescored sampling method and the exact one. This sim-ulation clearly shows that the variance (resp. the convergence rate) ismuch larger (resp. smaller) for the rescored method than for the exactone.This fact is easy to understand intuitively: rescoring is needed whenthe sampling probabilities does not correspond to the correct scores (i.e.DOP-probabilities); the "good" samples are therefore less frequent thanthey should be if the sampling probability would have been correct.Therefore more samples are needed to have a good approximation of the(correct) MPP.2.6 ExperimentsTo experimentally evaluate the performance of the exact samplingmethodon the DOP model, we have carried out several experiments on Bod's



16 / Jean-Cédric Chappelier, Martin Rajmannumber of number number number average max.annotated of of non- of sentence depth ofsentences CF rules terminals terminals length trees750 381 12 31 8.95 11TABLE 3 Several characteristics of the corpus used for the experiments.depth MPD MPP �xed MPP controlled1 39.4� 2 46.2 50.1 48.9� 3 48.7 50.2 50.3TABLE 4 Exact Match Results (in %): "MPP �xed" means MPP estimationusing exact sampling with a �xed sample size of 100 derivations persentence, "MPP controlled" means MPP estimation using BKS-controlledexact sampling with � = 1:5 and Perr = 0:05.corrected version of the ATIS corpus (Hemphill et al. 1990).17 The char-acteristics of that corpus used are given in table 3.The main objective of our experiments was to verify whether BKSTcontrol, besides providing a theoretically grounded control method, alsoleads to a signi�cant reduction of the sample size.The evaluation protocol used for the production of the results wasthe same for all experiments: we compute an average performance on30 runs consisting each of (randomly) splitting the treebank into a 90%training set and 10% test set; extracting the grammar from the trainingset18; and evaluating performance and other measures on the test set.The performance measure used was the exact tree match.Concerning the number of derivations for a given input sentence, weobtained an average value of 6:7�108 with a standard deviation of 1:1�109(the minimal value was 1; 588 and the maximal one 3; 490; 106; 368).Concerning the number of di�erent parse trees for a given inputsentence, the minimal value was 13, the maximal value 122; 597; 062,and the average value 2:9 � 106 with a standard deviation of 1:6 � 107.The results indicated in table 4 and table 5 con�rm the hypothesisthat controlled exact sampling, while producing fully comparable results17Other experiments on the same data can be found in (Bod 1996,Bod and Scha 1996, Goodman 1996, Sima'an 1996, Hoogweg 2000). However, di�er-ent splits into training and test sets have been used.18the lexicon however was always the same and has been extracted from the wholeoriginal corpus; i.e. there were no unknown words in the tests: we did not try toevaluate the performance on Out-of-Vocabulary forms



Parsing DOP with Monte-Carlo Techniques / 17number of samples parsemin max aver. st. dev. accur.� = 1:2 Perr = 0:05 32 557 112 90 50.3� = 1:5 Perr = 0:05 8 1000 53 59 50.3� = 2:0 Perr = 0:05 5 408 30 29 50.1� = 12:0 Perr = 0:05 2 97 8 7 49.7� = 50:0 Perr = 0:05 1 64 5 4 49.5� = 1:5 Perr = 0:10 6 1000 48 52 49.3TABLE 5 Number of samples for several con�gurations of the BKS-controlledexact sampling method (depth� 3)with the ones obtained with the standard approach (i.e. �xed sampledsize of 100 (Bod 1998)), leads to a substantial reduction of the averagenumber of derivations that need to be sampled.Notice however that the question of the intrinsic quality of the BKSTcontrol method (i.e. the question of knowing how often BKST actuallyselects the true MPP independently of whether this MPP matches thereference parse tree recorded in the test set) remains open as it wouldmean the exhaustive exploration of the large parse forest for each sen-tence, which we did not achieved, due to the huge amount of derivationsto run through.Finally, as � is one important parameter of the control method, thedistribution of the estimated � values, obtained by computing the p[1]p[2]ratio, is given in �gure 2.2.7 ConclusionsThis chapter presents three important results for the approximation ofMPP in the framework of DOP:1. We have shown that Monte-Carlo sampling techniques can accu-rately be implemented. We furthermore derive the relationship be-tween (local) sampling probability and the DOP-probability of asampled parse tree;2. We have computed the sampling probability of a decompositionthat needs to be used so that the sampling probability of a parsetree is exactly equal to its conditional DOP-probability know-ing the input sentence. This sampling strategy signi�cantly di�ersfrom the former existing ones.3. Finally we have presented a method that enables control of thesample quality to guarantee sure (with some a priori known controlerror) that the most frequent parse tree in the sampled set is in
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1 10 100FIGURE 2 Distribution of estimated � ratio for depth-3 DOP on Bod'scorrected version of ATIS corpus. Minimal � is 1:15, maximal 85, average12:5 with a standard deviation of 18:6.fact the MPP. This control method leads to a substantial reductionof the average number of derivations that need to be sampled.AcknowledgmentsThe authors would like to thank the editors for their invitation to con-tribute, the anonymous reviewers for their helpful comments on thischapter, Rens Bod for providing his cleaned-up version of the ATIScorpus, Romain Vinot and Soham Mazumdar for their help in the ex-periments.Appendix 1: Sampling using inside probability (proof)The purpose of this appendix is to prove that the sampling probabilityPs(d) of a derivation d of some input sentence wm1 is equal to P (d)PDOP(wm1 )if the sampling probability used to select the decompositions � in D(�)is equal to P0(�)P�(�) .Derivations of wm1 are sampled among all possible derivations of allpossibles parse trees for wm1 by recursively choosing at random item de-compositions, starting from D([S; 1;m]) (cf table 1, section 2.2.5). Eachdecomposition being chosen independently, the sampling probability ofa derivation d is the product of the sampling probabilities of the decom-



Parsing DOP with Monte-Carlo Techniques / 19root(T )l1:::lj�j� �1l1:::lj�j�1� �2l1l2�l1� �j�jl1�j�j+1wi:::wk1�r1 :::�r2�1 l2wk1+1:::wk2�r2 :::�r3�1 lj�jwkj�j�1+1:::wkj�j�rj�j :::�rj�j+1�1Xwk:::wj�r:::�q
FIGURE 3 Decompositions of a derivation; notations.positions selected to produce it: Ps(d) =Y�2dPs(�).Let us now prove that: Y�2dPs(�) = 1P�(�root)Yt2dP (t), where �rootdenotes the "root decomposition of d", i.e. the decomposition of the topitem [S; 1;m] in d.Let �(p), p � 1, be the following proposition: any sequence of decom-positions �1; :::; �q corresponding to a terminal derivation19 � of depth atmost p and with �1 as root decomposition, veri�es:qYk=1Ps(�k) = 1P�(�1) qYk=1P (�k)Let us prove �(p) by recursion on p.p = 1 A terminal derivation of depth 1 necessarily corresponds to onesingle decomposition �1 of the form � t1; 0 �. Therefore, by de�nition,P0(�1) = P (t1) = P (�1) and Ps(�1) = P0(�1)P�(�1) = 1P�(�1) P (�1).Recursion Let's assume that �(p) is true. Let �1; :::; �q a sequence ofdecompositions corresponding to a terminal derivation � of depth p+ 1and with �1 =� t; k � 1 � as root decomposition. Let wji be the wordsequence derived by �, � = Lls(t) = l1; :::; lj�j andX = Rl(t) (cf �gure 3).19i.e. a derivation the leaves of which are all terminals.



20 / Jean-Cédric Chappelier, Martin RajmanTo simplify, and without loss of generality, we assume that1. the decompositions have been ordered so that �2; :::; �j�j+1 are re-spectively the decompositions of the items of the form [l1:::lj�j�; i; kj�j],[l1:::lj�j�1�; i; kj�j�1] , ... [l1�; i; k1] (with kj�j = k � 1);2. all the decompositions �x, r � x � q, for some r > j�j + 1, areconstitutive of the right-most derivation X )� wk:::wj;3. and each of the terminal derivations lx )� wkx�1+1:::wkx, 1 � x �j�j (with k0 = i � 1) corresponds to a sequence of consecutivedecompositions �rx :::�rx+1�1 (with r1 = j�j+ 2 < r2 < :: < rj�j <rj�j+1 = r).20With such a convention we have:�1:::�q = �1�2:::�j�j�j�j+1�r1 :::�r2�1�r2 :::�rj�j+1�1�r:::�qand therefore:qYx=1Ps(�x) = Ps(�1)�0@ j�jYx=2Ps(�x)1A�Ps(�j�j+1)�0@ j�jYx=1 rx+1�1Yy=rx Ps(�y)1A� qYx=r Ps(�x)!which we will now compute piece by piece.computation of Ps(�1): by de�nition Ps(�1) = P0(�1)P�(�1) and P0(�1) =P (�1)P�(�2)P�(�r) therefore Ps(�1) = 1P�(�1)P (�1)P�(�2)P�(�r).computation of j�jYx=2Ps(�x): as �x (2 � x � j�j) is a decomposition ofthe item [l1:::lj�j�x+2�; i; kj�j�x+2], we haveP0(�x) = P�(�x+1)P�([lj�j�x+2; kj�j�x+1 + 1; kj�j�x+2])and thereforej�jYx=2Ps(�x) = j�jYx=2 P0(�x)P�(�x) = j�jYx=2 P�(�x+1)P�(�x) P�([lj�j�x+2; kj�j�x+1+ 1; kj�j�x+2])= P�(�j�j+1)P�(�2) j�jYx=2P�([lj�j�x+2; kj�j�x+1 + 1; kj�j�x+2])= P�(�j�j+1)P�(�2) j�jYx=2P�([lx; kx�1 + 1; kx])computation of Ps(�j�j+1): as �j�j+1 is a decomposition of [l1�; i; k1],P0(�j�j+1) = 1 and P�(�j�j+1) = 1, and therefore Ps(�j�j+1) = 1.20In the case where lx is already a terminal, �rx does simply not exist in thesequence.



Parsing DOP with Monte-Carlo Techniques / 21computation of j�jYx=1 rx+1�1Yy=rx Ps(�y): �rx :::�rx+1�1 (1 � x � j�j) is thesequence of decompositions of the terminal derivation lx )� wkx�1+1:::wkx,which is a subderivation of �, and as such is of depth at most p.Therefore, by the recursion hypothesis �(p) we have:rx+1�1Yy=rx Ps(�y) = 1P�(�rx ) rx+1�1Yy=rx P (�y)Then:j�jYx=1 rx+1�1Yy=rx Ps(�y) = j�jYx=1 1P�(�rx ) rx+1�1Yy=rx P (�y) = r�1Yy=j�j+2P (�y)j�jYx=1P�(�rx )= r�1Yy=j�j+2P (�y)j�jYx=1P�([lx; kx�1+ 1; kx])computation of qYx=r Ps(�x): �r:::�q is the sequence of decompositionscorresponding to the terminal derivation X )� wk1+1:::wj, whichis a subderivation of d and as such is of depth at most p. Therefore,by the recursion hypothesis �(p) we have:qYx=rPs(�x) = 1P�(�r) qYx=r P (�x)On the basis of the above mentioned computations, we are now ableto compute qYx=1Ps(�x):



22 / Jean-Cédric Chappelier, Martin RajmanqYx=1Ps(�x) = � 1P�(�1)P (�1)P�(�2)P�(�r)� �0@P�(�j�j+1)P�(�2) j�jYx=2P�([lx; kx�1+ 1; kx])1A�0BBBBB@ r�1Yy=j�j+2P (�y)j�jYx=1P�([lx; kx�1 + 1; kx])1CCCCCA � 1P�(�r) qYx=rP (�x)!= 1P�(�1) � P (�1) qYy=j�j+2P (�y) � P�(�j�j+1)P�([l1; i; k1])= 1P�(�1) � qYy=1P (�y)j�j+1Yy=2 P (�y) � P�(�j�j+1)P�([l1; i; k1])But, as �2, ..., �j�j+1 are decompositions of [l1:::lj�j�; i; kj�j], ..., [l1�; i; k1]respectively, P (�2) = ::: = P (�j�j+1) = 1. Furthermore, by de�nition,P�([l1; i; k1]) = P0(�j�j+1), and, as D([l1�; i; k]) reduces to �� 0 �[l1�;i;k]= �j�j+1	,P0(�j�j+1) = P�(�j�j+1); thereforeqYx=1Ps(�x) = 1P�(�1) qYy=1P (�y)which shows that �(p+ 1) holds and ends the demonstration of �(p).�FinallyY�2dPs(�) = 1P�(�root)Y�2dP (�) = 1P�(�root)Yt2dP (t)as by the de�nitions of the P (�) we have Y�2dP (�) =Yt2dP (t).Notice that P�(�root) = PDOP(wm1 ), as by de�nition P�(�root) =P�([S; 1;m]) =Pd02(S)�wm1 ) P (d0).Therefore for any derivation d of wm1 starting from S, we have:Ps(d) =Y�2dPs(�) = 1P�(�root) Y�2dP (�) = 1PDOP(wm1 )Yt2dP (t) = P (d)PDOP(wm1 )which concludes the whole demonstration.
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